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distribution	 (Hays	 et	al.,	 2016).	Understanding	 how	different	move-
ment	strategies	affect	 foraging	success	may	provide	 insight	 into	the	
processes	 underlying	 survival	 and	 reproductive	 success	 and,	 ulti-
mately,	 population	 dynamics.	 Robust	 quantification	 of	 these	 pat-
terns	and	how	they	change	through	time	is	required	to	meet	this	goal	
(Crossin,	Cooke,	Goldbogen,	&	Phillips,	2014).
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Over	recent	decades,	advances	in	animal	tracking	and	biologging	
technology	have	provided	an	enormous	amount	of	 increasingly	pre-
















has	 also	 been	 accompanied	 by	 initiatives	 to	 archive,	 share,	 and	 ex-
change	animal	tracking	data	(Birdlife	International,	2004;	Kranstauber	









opened	 for	 using	 biologging	 data	 to	 study	how	movement	 patterns	
may	be	changing	across	time,	including	in	response	to	environmental	
variation	(Hays	et	al.,	2016).	Most	studies	that	deploy	tracking	devices	
on	 animals,	 such	 as	 seabirds,	 are	 usually	 aimed	 at	 answering	 broad	
ecological	questions	about	habitat	use	and	foraging	behavior	 in	one	
or	a	few	successive	years,	as	opposed	to	describing	patterns	of	move-








There	 are	 many	 ways	 to	 describe	 and	 quantify	 movement	 pat-
terns	of	animals	that	depend	on	the	type	and	quality	of	available	data.	
Many	 models	 of	 foraging	 assume	 that	 organisms	 move	 diffusively,	
that	 is,	 that	 animals	 perform	 uncorrelated	 Brownian	 walks	 as	 they	
search	for	food	(Johnson,	Wiens,	Milne,	&	Crist,	1992).	However,	for	
most	animals,	the	Brownian	assumption	is	clearly	inadequate	(Turchin,	
1998).	 Superdiffusive	descriptions	of	movement,	 such	 as	 Lévy	walks	
or	 flights	 (Shlesinger,	 Zaslavsky,	&	 Frisch,	 1995;	Viswanathan,	 2010;	
Watkins	 et	al.,	 2005)	 or	 intermittent	 search	 strategies	 (Bénichou,	
Loverdo,	Moreau,	&	Voiturz,	2006,	2007),	which	describe	movement	
as	 small	 jumps	 interspersed	with	occasional	 longer	 jumps,	 are	popu-
lar	 	alternatives	 to	 standard	 diffusion	models	 as	 they	 allow	 for	more	





ical	 systems	 (e.g.,	 see	 references	 in	Edwards	et	al.,	2007).	They	were	
also	shown	theoretically	to	represent	optimal	search	strategies	for	re-
visitable	targets	when	the	targets	are	fractally	distributed	(Viswanathan	
et	al.,	 1999).	However,	 the	validity	 of	 Lévy	 flights	 as	 descriptions	 of	
animal	movement	foraging	is	hotly	debated	in	the	ecological	literature	
(Auger-	Methe,	 St	Clair,	 Lewis,	 &	 Derocher,	 2011;	 Buchanan,	 2008;	
Edwards	et	al.,	2007;	Humphries	et	al.,	2010;	Reynolds,	2012;	Travis,	















considerably	more	 prey	 than	 they	 need	 to	 satisfy	 their	 own	 energy	
requirements	 (Humphries,	 Weimerskirch,	 Queiroz,	 Southall,	 &	 Sims,	
2012).	Thus	the	evidence	on	Lévy	flights	in	nature	is	decidedly	mixed.
The	controversy	surrounding	the	Levy	foraging	hypothesis	has	fo-
cused	both	on	 the	 theoretical	 justification	of	 this	process	model,	 as	
well	as	the	statistical	procedures	used	to	distinguish	Lévy	walks	from	








In	 this	 study,	we	use	 foraging	data	 from	albatross	 species	 col-
lected	a	decade	apart	 to	explore	how	the	changes	 in	 logger	 tech-
nology	 (and	 hence	 the	 scale	 and	 mode	 of	 sampling),	 modeled	
distributions	(statistical	fitting),	and	the	treatment	of	both	data	and	
distributions	may	influence	the	findings	and	our	ability	to	infer	and	
compare	 behavior	 over	 time.	 Our	 analyses	 focus	 on	 a	 particular	
type	 of	 data	 from	 loggers	which	 detect	 and	 record	 saltwater	 im-
mersion,	 providing	 information	 on	wet	 and	 dry	 periods	 (so	 called	
immersion	 loggers;	 Edwards	 et	al.,	 2007;	 Mackley	 et	al.,	 2010).	
Although	 a	 geographic	 location	was	 not	 available	 in	 some	 of	 the	
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earlier	 deployments,	 PTT	 or	 GPS	 data	 have	 been	 collected	 con-




of	 sampling	 and	 storing	 data,	which	were	 aggregated	 at	 different	
timescales	 on	 the	device	during	 the	deployment.	The	 aims	of	 our	
study	were	to	evaluate	model	and	parameter	 identifiability	for	dif-
ferent	generations	of	 immersion	 loggers,	using	synthetic	data	sets	
reflecting	 different	 sampling	 regimes.	 We	 further	 investigated	
	parameter	estimation	for	actual	data		collected	in	the	wild.
2  | METHODS
In	 order	 to	 determine	 to	 what	 extent	 the	 inference	 of	 underlying	





of	 behaviors	 that	 have	 variously	 been	 referred	 to	 as	 steps,	 trips,	
tracks,	flights,	etc.,	a	glossary	is	provided	in	Table	1.
2.1 | Inference procedure
All	 flights	 are	 assumed	 to	 come	 from	one	of	 four	possible	distribu-





process	 from	the	data.	One	 is	 to	 take	a	 “naive”	maximum	 likelihood	
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For	each	of	the	160	simulated	data	sets,	we	then	“observed”	the	data	
using	our	two	most	extreme	sampling	regimes,	that	is	intervals	of	either	




























(54°00′S,	 38°03′W).	 Multiple	 types	 of	 loggers	 were	 deployed	 be-
tween	1992	and	2004.	The	data	are	summarized	in	Table	2.












sion	 is	 more	 numerically	 stable,	 and	 so	 is	 the	 one	 we	 use	 in	 our	
calculations.
2.3.3 | Comparing the flight- length distributions 
between years and species
After	selecting	the	best	fitting	model	via	BIC,	we	examine	model	fit	by	
plotting	the	theoretical	quantiles	versus	the	observed	data	quantiles.	










process)	 and	 the	 exact	 multinomial	 likelihood	with	 the	 appropriate	



























Study Species Year Agg. interval (s) Ndeployments Nflights
BBA2002 Thalassarche melanophris 2002 600 1 1,503
walb2004 Diomedea exulans 2004 10 39 3,604
walb1998 Diomedea exulans 1998 15 17 878
walb1993 Diomedea exulans 1993 720 11 298
walb1992 Diomedea exulans 1992 3,600 21 340
TABLE  2 Overview	of	immersion	logger	
data	sets	used	in	this	study
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higher	resolution	data,	using	the	naive	likelihood	can	bias	parameter	
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These	 results	 are	 congruent	 with	 the	 results	 from	 the	 parameter	
identifiability	 simulation	experiment:	When	parameters	can	be	well	






3.2.1 | Flight- length calculation from immersion data
Across	both	species	and	 irrespective	of	 the	observation	 regime,	 the	























lated	 model	 probabilities,	 based	 on	 Equation	(2).	 Data	 set	 identifiers	
	correspond	to	Table	2.
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the	data	(Edwards	et	al.,	2007).	Based	on	gamma	Q–Q	plots	(Figure	4)	
for	all	three	of	the	data	sets,	the	fitted	gamma	distributions	appear	to	
be	 reasonable	 for	data	both	 from	black-	browed	albatrosses	 in	2002	
and	 wandering	 albatrosses	 in	 2004,	 although	 both	 exhibit	 heavier	
tails	than	would	be	expected	from	the	gamma	distribution.	The	fit	for	
the	data	 from	wandering	albatrosses	 in	1998	 is	much	poorer	and	 is	
underestimating	 the	number	of	short	 flights.	Because	 the	 fit	 is	 rela-













These	 data	 represent	 invaluable	 archives	 for	 reconstructing	 histori-
cal	movement	patterns	of	animals	for	comparison	with	more	recent	














































































Gamma α (shape) β (rate) Mean Variance
BBA2002 1.38	(1.29–1.47) 1.15	(1.06–1.24) 1.20 1.05
walb2004 0.314	(0.293–0.334) 0.392	(0.363–0.422) 0.799 2.04
walb1998 0.0730	(0.0385–0.107) 0.170	(0.133–0.206) 0.430 2.53


































Based	on	the	simulated	data,	we	were	not	able	 to	 identify	 the	
process	model	underlying	the	“observations”	with	the	coarse	sam-
pling	regime	consistently	and	accurately.	Thus,	we	must	be	cautious	
when	 attempting	 to	 infer	whether	or	 not	 this	 particular	 aspect	 of	
the	 foraging	 strategy	 of	 the	 albatross	 has	 changed	 over	 the	 past	
two	decades	based	 the	 type	of	 data	 at	 hand.	 Even	 for	 the	higher	
temporal	resolution	data	that	we	present	here,	the	lack	of	model	fit	
indicated	 by	 the	Q–Q	plots	 (Figure	4)	 is	 concerning.	 In	 particular,	
there	are	more	 long	 flights	 than	would	be	 typical	 for	 the	best	 fit-
ting	gamma	model.	The	question	is	why	would	this	be	the	case?	In	
some	cases,	where	concurrent	 location	data	are	available,	we	may	
be	 able	 to	 determine	 that	 some	 longer	 flights	may	 not	 represent	
foraging	 behaviors,	 and	 can	 be	 excluded.	This	was	 the	 case	 for	 a	
proportion	of	the	data	for	which	we	had	concurrent	 location	data.	




attempts	 and	 dry	 to	 flying	 foraging.	 Thus,	we	 have	 not	 utilized	 a	
more	 complex	 statistical	 approach,	 such	 as	 state-	space	 modeling	










ior,	 it	may	 be	 that	 direct	 parameterization	 of	 all	model	 components	


















All	 observational	 data	 sets	 used	 in	 this	 study	 are	 available	 from	 the	
Polar	 Data	 Centre	 at	 the	 British	 Antarctic	 Survey,	 Cambridge,	 UK	
(polardatacentre@bas.ac.uk).	 Data	 sets	 and	 associated	 analysis	 code	
are	available	on	Dryad	(doi:10.5061/dryad.t1r3v).
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